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Abstract
The fields of global health and international development commonly cluster countries by
geography and income to target resources and describe progress. For any given sector of interest, a
range of relevant indicators can serve as a more appropriate basis for classification. We create a
new typology of country clusters specific to the water and sanitation (WatSan) sector based on
similarities across multiple WatSan-related indicators. After a literature review and consultation
with experts in the WatSan sector, nine indicators were selected. Indicator selection was based on
relevance to and suggested influence on national water and sanitation service delivery, and to
maximize data availability across as many countries as possible. A hierarchical clustering method
and a gap statistic analysis were used to group countries into a natural number of relevant clusters.
Two stages of clustering resulted in five clusters, representing 156 countries or 6.75 billion people.
The five clusters were not well explained by income or geography, and were unique from existing
country clusters used in international development. Analysis of these five clusters revealed that
they were more compact and well separated than United Nations and World Bank country clusters.
This analysis and resulting country typology suggest that previous geography- or income-based
country groupings can be improved upon for applications in the WatSan sector by utilizing
globally available WatSan-related indicators. Potential applications include guiding and discussing
research, informing policy, improving resource targeting, describing sector progress, and
identifying critical knowledge gaps in the WatSan sector.
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Introduction
Inadequate access to water and sanitation are major causes of millions of deaths and billions
of cases of diarrheal and respiratory morbidity each year. This has direct costs to households
and health systems, contributing to the poverty trap for billions of people worldwide (Pruss-
Ustun and Corvalan, 2006; Waddington and et al., 2009). There is, therefore, a concerted
effort to address the lack of basic water and sanitation (WatSan) services worldwide,
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including initiatives by the World Bank, the UN, and bilateral agencies (“About the Water
and Sanitation Program” 2013. United Nations, 2011). Despite these initiatives, there remain
783 million people without access to improved water sources and 2.5 billion people without
access to improved sanitation, according to the Joint Monitoring Program (UNICEF and
WHO, 2012). Some have suggested that causes of this situation include poorly invested
resources, misaligned country investments (Saleth and Dinar, 2000), and other donor
failings (Radele and Levine, 2010).
In the WatSan sector, countries are often clustered in order to inform efforts to address the
lack of access to WatSan services. Specifically, country clusters are used to explain trends,
target investments, and generalize findings. Existing approaches in the WatSan sector for
clustering countries have focused on geographic-, economic-, or health-based indicators.
Geography-based country clusters group countries based on proximity to each other, while
economic- and health-based clusters group countries based on similarity across indicators of
country-wide economic performance or health, respectively. The Millennium Development
Goals country grouping is geography-based (excepting developed countries, which are put
in a separate group) (UNICEF and WHO, 2012). The WHO country grouping is also
geography-based, with sub-groupings based on patterns of child and adult mortality
(“Definition of region groupings,” 2013). The World Bank has three systems for grouping
countries: geographic region, income (gross national income per capita), and lending
category (determined based on income group and credit rating) (“How we classify
countries,” 2013)
The WatSan sector is complex; institutional arrangements, levels of service, and program
and project experiences do not align by geography, economics, or health alone. The WatSan
sector is also impacted by and connected to political, economic, social, and environmental
factors. This paper presents a cluster analysis which classifies countries into groups designed
to be representative of WatSan sector arrangements, performance, and progress.
Background
Previous Applications of Cluster Analysis
Cluster analysis denotes a family of methods in applied statistics used to identify groups in
data, where the groups are formed to be as homogenous as possible, while maximizing the
differences between groups (Kaufman and Rousseeuw, 1990). Cluster analysis has been
applied across a wide range of disciplines, including chemistry, genetics, and marketing to
create interpretable classifications using multiple variables (Downs and Barnard, 2003;
Eisen et al., 1998; Zandpour and Harich, 1996). Cluster analysis has been used to group
countries along national-level indicators in political economy and international business
contexts (Ketchen and Shook, 1996; Wolfson et al., 2004). In the international development
sector, previous work has shown that applying cluster analysis to countries over a broad set
of relevant economic indicators can yield more informative country classifications than can
traditional geographic- and income-based demarcations (Berlage and Terweduwe, 1988).
Cluster analysis has also been used to group countries across multiple dimensions of
environmental sustainability (Esty, 2002).
Major Approaches in Cluster Analysis
There are many methods of cluster analysis, of which Everitt et al., 2001 offers an overview.
Major clustering approaches include hierarchical, optimization, and model-based methods.
Hierarchical methods connect data points based on a measure of distance between the data
points to form clusters. Such methods produce a hierarchy of clusters that can be judged to
merge together as a distance threshold increases, and can be expressed visually as a
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dendrogram. Optimization methods produce a partition of the data into a number of groups k
that must be pre-specified by the analyst, by choosing k data points as pre-assigned “cluster
centers,” and then assigning data points to those centers in a way that minimizes the squared
distances between members within that cluster. Model-based methods generally use an
expectation-maximization algorithm that assigns data points to a fixed number of Gaussian
distributions.
An important limitation to any of these methods is that there is no internal mechanism to
distinguish between important and unimportant indicators. As such, the resulting clusters are
sensitive to the indicators included in the analysis; therefore, indicators must be chosen
carefully based on conceptual underpinnings highly dependent on sector context.
Methods
Data Sources
After a literature review and consultation with experts (academics and practitioners) in the
WatSan sector, we chose indicators with which to cluster countries based on their relevance
and suggested influence on national water and sanitation service delivery, as well as data
availability so as to capture a majority of the world’s population in the country groupings.1
Suggested influence here means that the indicator has a hypothesized mechanism by which
it influences the level of water and sanitation service delivery, or has been associated with
levels of service delivery in previous studies. Previously cited influences on access to water
and sanitation service and the quality of that service provided include: investment, aid,
governance, education, human capital, inequality and water availability (Fry, 2008). Table 1
presents the indicators we chose for the cluster analysis, and the rationale for their inclusion.
Seven of the indicators were chosen for their influence on the WatSan sector’s capacity and
arrangements and two indicators were chosen for representing levels of WatSan service
delivery.
There are many other indicators for which data is available and also may have influence on
national water and sanitation service delivery. Such indicators were excluded either because
of missing data for many countries and a relatively large proportion of the global population,
or to avoid co-linearity which would distort the results of the cluster algorithm. Examples of
indicators excluded due to data availability are domestic water and sanitation infrastructure
investment and bacteriological water quality. National figures for domestic public and
private investment in water and sanitation infrastructure are available from a limited number
of national government expenditure reports, as well as from 26 public expenditure reviews
conducted by the World Bank (Meegham and van der Berg, 2012). Nationally representative
drinking water quality data is only available for the five countries covered by the Rapid
Assessment of Drinking Water Quality project of WHO and UNICEF (Onda et al. 2012).
We avoided constructed indices such as the human development index (HDI) and water
poverty index (WPI) in order to focus on the underlying data and to avoid unnecessary co-
linearity among these indices and chosen indicators, many of which are constituents of such
indices (Anand and Sen, 1994; Sullivan, 2002). We did not include the health indicator
under-five diarrheal incidence because the available figures were produced using a
regression that included WHO region and per capita national income as covariates (Walker
et al., 2012). We included years of education completed over other education indicators
because we deemed it to be relevant for a range of WatSan arrangements and outcomes.
1The consulted experts included: faculty in Environmental Engineering at the University of North Carolina, the University of Cape
Town, Bristol University, senior water and sanitation experts at WHO and a Political Economy research consultant at the World Bank.
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A cluster analysis was conducted to classify countries into groups based on similarity across
the nine selected WatSan indicators. We used a hierarchical clustering method to allow for
the natural number of relevant clusters to emerge, since optimization- or model-based
approaches involve pre-determining the number or shape of clusters. All computations were
performed with R version 2.15.1 (R Core Team, 2012).
We elected to use the squared Euclidean distance as the distance metric, which is the square
of the simple geometric distance in multidimensional space (Kaufman and Rousseeuw,
1990). This requires that all indicator variables be on the same scale in order for each
variable to be given equal weighting in the overall distance calculation.
We elected to use the raw variables rather than to use a data reduction technique such as
principal components analysis because the use of such synthetic variables in cluster analysis
is generally considered poor practice (Kettenring, 2006). Highly right-skewed variables
were transformed by taking the natural logarithm. Highly left-skewed variables were
reflected, transformed by the natural logarithm, and reflected back to preserve the original
rank-order. Then, all variables were standardized to a mean of 0 and standard deviation of 1,
and the distance matrix for all country pairs was calculated. We used Ward’s agglomerative
clustering algorithm, which at each step combines clusters so as to minimize the resulting
within-cluster variance (Kaufman and Rousseeuw, 1990).
The number of clusters into which to divide the resulting dendrogram was determined as the
number of clusters corresponding to the first local maximum of the gap statistic. The gap
statistic is a measure of the difference between the within-cluster dispersion (sum-of-squares
around the cluster means), and the expected value of this dispersion over a null reference
distribution for a given number of clusters. The magnitude of the gap statistic represents the
degree to which the proposed clusters are internally homogenous and well separated. The
first local maximum (subject to a confidence- interval check) of the gap statistic represents
the point at which further joining of clusters would require combining clusters that are
significantly separated relative to the previous combination (Tibshirani et al., 2001).
We internally validated the resulting clusters by calculating the Dunn and Davies-Bouldin
Indices, which are both measures of the degree to which a clustering is compact and well
separated (Davies and Bouldin, 1979; Dunn, 1973). These indices were also calculated for
the World Bank, MDG, and WHO groupings to evaluate whether our analysis produced a
superior clustering.
Data analysis
We included 156 countries, representing 6.75 billion people, in our dataset. We excluded 40
countries, representing 99.7 million people, from an initial dataset of 196, due to missing
data. The most common missing values were the Gini index, water availability, and GDP per
capita; missing from 30, 25, and 16 countries, respectively. These countries and their
populations are shown in Table 2. The GDP, freshwater availability, and ODA indicators
were highly positively skewed, and were log- transformed accordingly. The water and
sanitation access indicators were highly negatively skewed, and were reflected, log-
transformed, and reflected again. We utilized the gap statistic to cluster countries. The first
attempt resulted in a clustering for which the gap statistic yielded only two clusters, one with
33 countries characterized by high incomes and governance effectiveness, no aid inflow, and
near-universal water and sanitation access that generally corresponded to the World Bank’s
High-income OECD grouping, plus such wealthy small countries as Singapore and Malta.
We elected to remove this group as its own cluster, and perform another cluster analysis on
the remaining 124 countries in order to take advantage of the country variability that was
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otherwise overwhelmed by the difference between these wealthier countries and the rest of
the world.
Results
A gap statistic analysis resulted first in two distinct groups, with the first being composed of
countries typically considered developed or newly industrialized. The second analysis of the
second group resulted in four country clusters. Greater subdivision would have resulted in
clusters that were statistically similar, while greater aggregation would have resulted in
highly internally heterogeneous clusters. The dendrogram resulting from this cluster analysis
is shown in Figure 1, and the corresponding gap curve yielding four clusters is shown in
Figure 2. Table 3 shows the resulting five water and sanitation country clusters. Figure 3
shows the cluster country membership on a world map. The cluster indicator variable means
are summarized in Table 4. The Dunn and Davies-Bouldin Indices for our clusters, as well
as the World Bank, WHO, and MDG groupings are shown in Table 5. Our clusters have
both the largest Dunn index and smallest Davies-Bouldin index, indicating that they
represent a superior grouping along the chosen relevant indicators.
Cluster 1 consists of 33 developed and recently industrialized countries from North
America, Europe, and the wealthier Asian countries. Cluster 1 countries are characterized by
the highest GDPs per capita and GE scores, relatively low levels of inequality as measured
by the Gini index, the highest expected years of education, high urbanization, and near-
universal water and sanitation access. Example members are Canada, Germany, and Japan.
Cluster 2 consists of 15 geographically disparate countries. Cluster 2 countries are
characterized by the second-highest GDPs per capita, second-highest GE scores, and
second-highest expected years of education. They are urbanized to the same degree as
Cluster 1 countries. They also have very high, though not quite universal water and
sanitation access, and receive the lowest amount of WatSan ODA of the groups that receive
such aid. Example members are Argentina, Russia, and Iran.
Cluster 3 consists of 28 mostly eastern European and Middle Eastern countries, as well as
some Latin American and Asian countries. Cluster 3 countries are middle-income, have
moderate expected years of education, are roughly 50% urban, and have similar water and
sanitation access to countries in Cluster 2. Cluster 3 countries stand out as having the lowest
renewable freshwater resources per capita, and the highest WatSan ODA per capita of all the
clusters. Example members are Algeria, Armenia, El Salvador, and Sri Lanka.
Cluster 4 consists of 24 countries mostly from Latin American and Southern African, and
some Asian countries. Cluster 4 countries are characterized by similar GDP per capita,
expected years of education, urbanization, and water access to those in Cluster 3, though
half the ODA. Cluster 4 countries have higher income inequality, lower sanitation access,
and more renewable freshwater resources than Cluster 3. Example members are Honduras,
South Africa, and the Philippines.
Cluster 5 consists of 51 Sub-Saharan African and South/South-East Asian countries plus
Haiti. Approximately 75% of cluster 5 countries are from Africa. Cluster 5 countries are
characterized by the lowest GDP per capita, GE scores, expected years of education,
urbanization, and water and sanitation access of all clusters; as well as relatively high
WatSan ODA and renewable freshwater resources. Example members are Cambodia,
Mozambique, and Pakistan.
The 40 countries representing 99.7 million people which were excluded for missing data are
primarily small island states or fragile states. However, they should not be treated as a sixth
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cluster, as, despite some similarities, they were not grouped using the clustering algorithm.
Example countries are the Bahamas, Serbia, and Somalia.
Discussion
Our novel application of cluster analysis to the WatSan sector classifies countries into
groups designed to be representative of WatSan sector arrangements, performance, and
progress. The Dunn and Davies-Bouldin cluster indices shown in Table 5 indicate that these
comparative country clusters are more compact and well-separated across nine WatSan-
related variables indicators than are the geography based MDG and WHO country clusters,
and the World Bank income based country clusters. These WatSan clusters demonstrate that,
for example, El Salvador, Georgia, and Egypt (Cluster 3); and Afghanistan, Laos, and
Uganda (Cluster 5) are more similar along the WatSan indicators selected than Cambodia,
Vietnam, and Thailand (each in a different cluster, though in the same geographic region) or
South Africa, Algeria, and Chad (also in different clusters though within the same region).
MDG, WHO, World Bank, and other existing country groupings have been used by others
for three major applications which could be improved upon in the WatSan sector by using
our country clustering model: (1) research, (2) investments and policy, and (3) discussing
and communicating progress.
Use of existing country groupings in research has included stratified sampling of countries
for multi-country studies, discussing findings (Fry, 2008), and extrapolating study outcomes
across countries (Hutton, 2012; Walker et al., 2012). Clustering countries along critical
WatSan indicators could improve these specific research applications in the WatSan sector.
For example, our country clusters could be useful for stratified sampling. When the goal of
stratified sampling is to better characterize or account for the variability or breadth of
WatSan practices and outcomes, rather than selecting a country from each region, one could
select a country from each of our clusters, which would have a higher likelihood of
representing a range of WatSan practices. The clusters generated for this paper could also be
used to extrapolate data sets to countries with data gaps. Many studies in water quality,
water consumption, and water system sustainability exist for small sets of countries. These
small data sets are not always generalizable across existing country groupings. For datasets
inclusive of enough countries to show low variance within clusters, data could be
extrapolated across our country groupings.
Geographic country groupings have been used to target concessional lending (The World
Bank, n.d.), and to guide investment and development strategies (Sachs, 2005). WatSan
specific needs do not inherently correlate with geography, but logically relate to the nine
indicators used to cluster countries in this study. WatSan-specific investments and strategies
may be better aligned with need if the country clusters presented in this table were utilized.
The most commonly referenced WatSan global database is the JMP data on water and
sanitation access. The 2012 JMP report summarizes water and sanitation progress using the
MDG regional groupings: Oceania, Southern Asia, Eastern Asia, South-Eastern Asia,
Caucasus and Central Asia, Western Asia, Sub-Saharan Africa, Northern Africa, Latin
America and the Caribbean, and Developed Regions. These eleven regions are frequently
used to discuss and generate debate on levels of water and sanitation access and progress
trends (UNICEF and WHO, 2012; Pruss-Ustun and Corvalan, 2006; United Nations, 2011).
Our cluster analysis shows that some members from these regional groups are quite unique
from their geographic neighbors. Our country clustering could be used alongside geographic
groupings to compare water and sanitation progress and generate debate on progress and
trends in the WatSan sector.
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There are several limitations to this study. The proposed clusters should not be thought of as
definitive, as they are highly dependent on the variables indicators chosen, and indeed, the
years of the data included. Changes in the figures from year to year would necessarily
change cluster membership. It would be expected that countries undergoing significant
changes along the chosen indicators would change cluster membership. Changes in variable
indicator choice, chosen distance metric, clustering algorithm, or cluster number decision
metric would all change the results.
Further research on the WatSan country cluster typology could involve cluster validation, or
creating targeted clusters for specific regional or sub-national applications. Cluster
validation could be done by selecting a non-JMP WatSan indicator to check for similarity
within clusters and difference between clusters if and when they become available.
Application of cluster analysis where policies and strategies demand a regional or sub-
national focus could be done by applying the clustering approach to the member states of
relevant regional political groupings such as the African Ministers’ Council on Water
(AMCOW). Creating clusters within groups such as AMCOW would be superior for
applications such as organizing regional conferences, or building human resource capacity.
Conclusion
Clustering countries along relevant WatSan indicators produces a comparative country
typology that is more relevant to the WatSan sector than country groupings that are currently
utilized throughout the sector. WatSan indicators included in our cluster analysis were based
on their influence on national water and sanitation service delivery. These WatSan clusters
push beyond geographic country groupings to suggest that country-level WatSan outcomes
can be accounted for and compared across factors that are more relevant than geography or
income alone, the two most commonly used methods of stratification in the international
development field. This WatSan country typology could help the sector to better propose
policies, track progress, target funds, and plan research in ways that account for country
similarities and differences across the major outcome drivers in the sector.
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Dendrogram of Agglomerative Clustering of Countries Along WASH Indicators.
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Gap statistic by number of clusters (k) for Country-Level WASH Indicator Data
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Geographic distribution of WASH country clusters.
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Table 2
Countries with population (millions) excluded due to missing data
Andorra 0.09 Monaco 0.04
Antigua and Barbuda 0.09 Montenegro 0.63
Aruba 0.11 Northern Mariana Islands 0.06
Bahamas 0.34 Occupied Palestinian Territory 4.04
Bahrain 1.26 Palau 0.02
Barbados 0.27 Puerto Rico 3.75
Brunei Darussalam 0.40 Saint Kitts and Nevis 0.05
Cayman Islands 0.06 Saint Lucia 0.17
DPR Korea 9.93 Saint Vincent and the Grenadines 0.11
Dominica 0.07 Samoa 0.18
Eritrea 5.25 San Marino 0.03
Fiji 0.86 Saudi Arabia 27.45
French Polynesia 0.27 Serbia 9.86
Grenada 0.10 Seychelles 0.09
Guam 0.18 Solomon Islands 0.54
Kiribati 0.10 Somalia 9.33
Kuwait 2.74 Tonga 0.10
Libya 3.99 Turks and Caicos Islands 0.04
Marshall Islands 0.05 Tuvalu 0.01
Micronesia (Federated States of) 0.11 Vanuatu 0.24
Total 99.7
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Table 3
Water and sanitation sector country clusters
Cluster Country Members
1 (n=33)
Australia, Austria, Belgium, Canada, Cyprus, Czech Republic, Denmark, Estonia, Finland, France, Germany, Greece, Iceland,
Ireland, Israel, Japan, Latvia, Lithuania, Luxembourg, Malta, Netherlands, New Zealand, Norway, Portugal, Singapore, Slovak
Republic, Slovenia, South Korea, Spain, Sweden, Switzerland, United Kingdom, United States
2 (n=15) Argentina, Belarus, Brazil, Bulgaria, Chile, Colombia, Cuba, Iran, Kazakhstan, Mexico, Oman, Russia, Ukraine, Uruguay,Venezuela
3 (n=28)
Albania, Algeria, Armenia, Azerbaijan, Bosnia and Herzegovina, Costa Rica, Croatia, Dominican Republic, Egypt, El Salvador,
FYR Macedonia, Georgia, Iraq, Jordan, Kyrgyzstan, Lebanon, Maldives, Mauritius, Moldova, Mongolia, Sri Lanka, Syria,
Tajikistan, Tunisia, Turkey, Turkmenistan, Uzbekistan, Vietnam
4 (n=24) Belize, Bhutan, Bolivia, Botswana, China, Ecuador, Gabon, Guatemala, Guyana, Honduras, India, Indonesia, Jamaica, Namibia,Nicaragua, Panama, Paraguay, Peru, Philippines, Sao Tome and Principe, South Africa, Suriname, Thailand, Trinidad and Tobago
5 (n=51)
Afghanistan, Angola, Bangladesh, Benin, Burkina Faso, Burundi, Cambodia, Cape Verde, Central African Republic, Chad,
Comoros, Congo, Cote d’Ivoire, Democratic Republic of the Congo, Djibouti, Equatorial Guinea, Ethiopia, The Gambia, Ghana,
Guinea, Guinea-Bissau, Haiti, Kenya, Laos, Lesotho, Liberia, Madagascar, Malawi, Mali, Mauritania, Morocco, Mozambique,
Myanmar, Nepal, Niger, Nigeria, Pakistan, Papua New Guinea, Rwanda, Senegal, Sierra Leone, Sudan, Swaziland, Tanzania,
Timor-Leste, Togo, Uganda, Yemen, Zambia, Zimbabwe
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Table 5
Internal Cluster Validation Indices.
Grouping Dunn* Davies-Bouldin**
WatSan Clusters 1.04 1.57
World Bank Income Groups 1.02 1.64
WHO Regions 0.84 1.84
MDG Regions 0.78 1.87
*
Higher values indicate a better clustering
**
Lower values indicate a better clustering
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